INTRODUCTION
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The rapid progress and reducing costs of genome sequencing and high throughput DNA- a random mating population, as derived by Goddard (2009) , was used as a guide to allow 1 9 7
comparisons to be made across . The following scenarios were simulated: 0.03, proportions of for the three , whereas Table 2 shows all scenarios which were carried 2 0 0 out. Note that throughout this study our use of the terms 'low' or 'high' may refer to 2 0 1 different actual across the three because was scaled to be proportional to 2 0 2 (Table 1) .
The desired were randomly chosen from . True allele substitution effects were frequency at locus ), and for the major and minor homozygote and 2 0 7
heterozygote genotype, respectively (Falconer & Mackay 1996) . Total breeding values were (i.e. phenotypic variance = 1). Phenotypic records were simulated for (training set) The model applied was , where was the mean, was an 2 3 0 incidence equal to -1, 0, and 1 for 11, 12/21, and 22, respectively, is the allele substitution 2 3 1 effect for locus and was the vector of residuals distributed as . Allele 2 3 2 substitution effects were assumed to come for a mixture distribution where a proportion ( ) 2 3 3 had no effect and a proportion ( ) had effects distributed as .
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The prior used for was uniform, over a long range (i.e. to ), and for was prior for was taken from a scaled inverted chi square distribution of the form ~ The length of the Gibbs chain was 105,000 iterations and the first 5,000 iterations were 2 6 0 discarded as burn-in. Estimates at every 20 th iteration were stored as a sample resulting in a 2 6 1 total of 5,000 samples. Several analyses were carried out to test if the sampling protocol was close to zero in stored samples which showed that they were almost independent, so Monte
Carlo error was < 0.0003 in all scenarios (Geyer & Thompson 1992) . This allowed for 2,000 to reduce running time. Furthermore, convergence was investigated by using a variety than GBLUP and settled at a constant accuracy (Table 3) . The difference between GBLUP 3 0 2
and BayesB at high decreased when was increased. Sampling effects from a 3 0 3
Laplace instead of a Normal distribution did not affect these general trends.
In Figure 2 , the maximum x-value of plotted is equal to the predicted from hypothesis two is shown to be broadly valid, in that superiority of BayesB over GBLUP reached similar levels in both methods at high .
Predictions of accuracy: Figure 3 shows the accuracies of GBLUP and BayesB predicted 3 1 9
with Equations ( 1 ) and ( 2 ) , respectively and the accuracies from simulations in the validation
set. Predictions of GBLUP and BayesB (at high ) accuracy were generally accurate.
The accuracy of the predictions were highly dependent on . In BayesB, the drop in
accuracy as increased was predicted well. Equation tended to over-predict BayesB
accuracy, particularly in scenarios where was a low proportion of ,using Goddard ) (Equation
). When GBLUP accuracy was used, we averaged the accuracy were always lower than those using BayesB ( increase linearly with and this may indicate that it may be approaching asymptotic values.
The number of QTL controlling the trait ( ) was estimated using Equation reliability values from BayesB when . As shown in Figure 4 for Scenario 7, the were better estimated with higher . Note that incorrect priors will reduce We have compared GBLUP and BayesB at various population and trait genetic architectures and at various . We demonstrated that GBLUP had a constant accuracy, for a given
and , regardless of . The accuracy of BayesB was greatest at low , decreased with normally distributed effects, confirming other studies which have compared these effect , where i is standardised intensity, is the additive genetic standard This does not mean that accuracy as presented here will remain the key comparison in future, approaches to selection such as minimax regret.
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Genome-wide evaluation methods are popular because they seem to offer a solution to is concern that the priors on degree of belief and scale factors used in the BayesB The findings that both GBLUP and BayesB depend significantly on are given more , respectively. The predictions were generally accurate but limitations have also been analysis. This represents a complication when applying our equations to predict the accuracy result of this missing genetic variance in the analysis of real populations is that our 4 5 7 deterministic equations are likely to over-predict the accuracy in both methods.
The fact that our equations account for the entire genetic variance will, however, be a clear
advantage as the scientific community moves towards the analysis of sequence data for which Additional insight into quantitative traits can be gained by combining genome-wide 4 6 5 evaluation and deterministic prediction. We have shown that can be estimated with efficient algorithm for variance parameter estimation in linear mixed models.
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